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a b s t r a c t
Background: The best indicator for the prediction of hypertriglyceridemia derived from anthropometric
measures of body shape remains a matter of debate. The objectives are to determine the strongest
predictor of hypertriglyceridemia from anthropometric measures and to investigate whether a combina-
tion of measures can improve the prediction accuracy compared with individual measures.
Methods: A total of 5517 subjects aged 20–90 years participated in this study. The numbers of normal
and hypertriglyceridemia subjects were 3022 and 653 females, respectively, and 1306 and 536 males,
respectively. We evaluated 33 anthropometric measures for the prediction of hypertriglyceridemia using
statistical analysis and data mining.
Results: In the 20–90-year-old groups, age in women was the variable that exhibited the highest
predictive power; however, this was not the case in men in all age groups. Of the anthropometric
measures, the waist-to-height ratio (WHtR) was the best predictor of hypertriglyceridemia in women. In
men, the rib-to-forehead circumference ratio (RFcR) was the strongest indicator. The use of a
combination of measures provides better predictive power compared with individual measures in both
women and men. However, in the subgroups of ages 20–50 and 51–90 years, the strongest indicators for
hypertriglyceridemia were rib circumference in the 20–50-year-old group and WHtR in the 51–90-year-
old group in women and RFcR in the 20–50-year-old group and BMI in the 51–90-year-old group in men.
Conclusions: Our results demonstrated that the best predictor of hypertriglyceridemia may differ
according to gender and age.
& 2014 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/3.0/).
1. Introduction
In both Western and Eastern populations, hypertriglyceridemia is
becoming more common [1–5]. Hypertriglyceridemia, or high trigly-
cerides (TGs), which indicates an abnormal concentration of TGs in the
blood [6], is a primary predictor of type IIb dyslipidemia [7], and it is
one of several independent lipid factors used to predict the risk of
cardiovascular disease (CVD) [7–9]. Patients with coronary heart
disease (CHD) and coronary artery disease have higher levels of
plasma TGs, total cholesterol, and low-density lipoprotein cholesterol
(LDL-C) [10,11]. Overweight and, more speciﬁcally, abdominal obesity
have been associated with hypertriglyceridemia, dyslipidemia, type
2 diabetes, systemic hypertension, stroke, CHD, obstructive sleep
apnea, gout, osteoarthritis, liver disease, and several types of cancer
[12–16]. Additionally, obesity and body shape are associated with high
levels of plasma TGs and low levels of plasma high-density lipoprotein
cholesterol (HDL-C) levels [17–21].
Anthropometric measures of body shape detailed by Cornier
et al. [14] are reasonable alternatives used to identify fat distribu-
tion (regional obesity) and obesity-related diseases [22,23].
Although radiological imaging techniques, computed tomography
(CT), magnetic resonance imaging (MRI), bioimpedance, and dual-
energy X-ray absorptiometry are useful and accurate methods to
determine abdominal fat levels and body composition [24], they are
expensive, not easily accessible, and potentially dangerous to some
patients, such as pregnant women or individuals with pacemakers.
Therefore, these techniques are not suitable for epidemiological and
clinical purposes [10,22].
For decades, numerous studies have investigated the association of
anthropometric measures with hypertriglyceridemia, and the ﬁndings
have directed the diagnosis and treatment of hypertriglyceridemia,
CVD, dyslipidemia, type 2 diabetes, and metabolic syndrome [25–28].
However, the best predictor or indicator for the prediction of hyper-
triglyceridemia among the anthropometric measures of body shape
remains a matter of debate [25–27,29–41]. For example, waist
circumference (WC) was the best single predictor of hypertriglycer-
idemia in Korean adults [25,29], Taiwanese men and women [30], and
Hispanic and Caucasian adolescents [31]. However, in Swiss men and
women [26], Hong Kong Chinese women [32], Iranian men and
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women [33], and Thai women [34], the waist-to-hip ratio (WHR) was
the strongest indicator of hypertriglyceridemia. The waist-to-height
ratio (WHtR) exhibited superiority over other measures in Taiwanese
[35] and German [36] men and women and in a meta-analysis [37].
In another study, body mass index (BMI) had a substantially stronger
predictive power compared with other measures in Thai men [34],
whereas in European women, the waist-to-thigh circumference ratio
was the strongest indicator of hypertriglyceridemia [27].
Several studies identiﬁed a combination of two factors for the
prediction of hypertriglyceridemia. WHR and WHtR were better
predictors compared with other measures in Hong Kong Chinese
men [32], and WHR and WC were good indicators in Indian men [38]
and Japanese subjects [39]. Furthermore, some studies have suggested
that widely used anthropometric measures exhibited similar or
identical predictive powers for hypertriglyceridemia. The predictive
capabilities of BMI, WC, WHR, and WHtR for the prediction of
hypertriglyceridemia were similar or identical in Iranian [40] and
Asian/non-Asian [41] men and women.
It has been demonstrated that the use of a combination of
anthropometric measures to predict hypertriglyceridemia is impor-
tant to improve the prediction accuracy. While some studies have
indicated that the combination of two or more measures did not
improve the predictive power for the identiﬁcation of high TG status
or dyslipidemia compared with the use of a single measure
[31,37,41], combinations of several measures have been simulta-
neously used to successfully predict hypertriglyceridemia in other
studies [30,42,43].
The purpose of this study was to identify the best indicator of
hypertriglyceridemia in Korean individuals using statistical analysis
and machine learning techniques and to investigate whether a
combination of anthropometric measures acquired from speciﬁc sites
of the human body improves the prediction accuracy. For these
purposes, we obtained data for 33 anthropometric measures from
study participants and performed statistical analyses and prediction
experiments. To our knowledge, no study has reported the outcome
of hypertriglyceridemia prediction using a combination of anthropo-
metric measures based on machine learning in Korean individuals.
The results of the present study may help improve preliminary
health-screening tools for hypertriglyceridemia and accelerate the
integration of telemedicine or remote healthcare with existing
medical systems.
2. Materials and methods
2.1. Data collection
A total of 5517 subjects (3675 women and 1842 men) aged 20–
90 years old participated in this retrospective cross-sectional study
between November 2006 and August 2012. The data were col-
lected from the Korean Health and Genome Epidemiology study
database (KHGES). The Korea Institute of Oriental Medicine
(KIOM) Institutional Review Board approved this study, and all
subjects provided written informed consent.
We used more detailed and varied anthropometric measures in
the present study compared with previous studies. The speciﬁc
sites measured in the body are important for the prediction of
obesity-related diseases because small differences in the measured
sites affect the ability to predict health risks [27,44]. For example, a
study by Seidell et al. [27] regarding the association of cardiovas-
cular risk factors with anthropometric measures proposed that the
best site to measure WC in the body is midway between the
superior anterior iliac crest and the lower rib margin in European
women. All measurements were performed by a well-trained
observer according to standard protocols. Height and weight were
routinely measured in lightweight clothing without shoes to the
nearest 0.1 cm and 0.1 kg, respectively (GL-150; G Tech Interna-
tional Co., Ltd Uijeongbu, Republic of Korea). The circumferences of
8 speciﬁc sites were measured using a non-elastic ﬂexible tape
while the subject was standing [45]. The BMI was computed as the
weight in kilograms divided by the square of the height in meters.
Detailed descriptions of the speciﬁc positions measured in the
body are described in Jang et al. [45]. In previous studies [45,46],
the forehead circumference (FC) was measured at the levels of the
glabella and occiput in the head. The neck circumference (NC) was
measured at the levels of the thyroid cartilage and cricoid
cartilage, the axillary circumference (AC) was measured at the
levels of the left and right axillae, the chest circumference (CC)
was measured at the levels of the left and right nipples, the rib
circumference (RC) was measured at the levels of the left and right
7th and 8th prominences of the costochondral junction, the WC
was measured at the level of the umbilicus, the pelvic circumfer-
ence (PC) was measured at the levels of the left and right anterior
superior iliac spines, and the hip circumference (HC) was mea-
sured at the level of the upper edge of the pubis. The circumfer-
ence ratios between 2 positions and all baseline data used in the
present study are described in Table 1. The data used in this study
were divided into male and female groups because the change in
body shape with aging may differ according to sex.
For the measurement of TG values, all participants were
required to fast for at least 8 h; blood samples were subsequently
drawn (ADVIA 1800, Siemens, USA). Hypertriglyceridemia was
Table 1
Baseline data used in this study. The data are expressed as the mean (standard
deviation).
Variable Men Women
Number of subjects 1306 3022
Triglycerides (TGs)** 111.9 (47.9) 93.84 (39.48)
Age 46.87 (13.51) 46.77 (14.43)
Height** 158 (5.684) 170.4 (6.19)
Weight** 57.47 (8.325) 70.57 (10.44)
Body mass index (BMI)** 23.05 (3.22) 24.25 (3.078)
Forehead circumference (FC)** 55.54 (1.815) 57.62 (1.955)
Neck circumference (NC)** 33.44 (2.324) 38.42 (2.59)
Axillary circumference (AC)** 87.45 (6.356) 96.98 (6.445)
Chest circumference (CC)** 89.45 (7.895) 94.59 (7.002)
Rib circumference (RC)** 78.55 (8.377) 87.97 (7.478)
Waist circumference (WC)** 82.42 (9.267) 87.49 (8.374)
Pelvic circumference (PC)** 89.46 (7.595) 91.53 (7.018)
Hip circumference (HC)** 93.18 (6.375) 95.29 (6.306)
Neck-to-forehead C. R. (NFcR)** 0.602 (0.039) 0.667 (0.041)
Axillary-to-forehead C. R. (AFcR)** 1.575 (0.109) 1.684 (0.104)
Chest-to-forehead C. R. (CFcR)** 1.611 (0.137) 1.642 (0.113)
Rib-to-forehead C. R. (RFcR)** 1.415 (0.147) 1.527 (0.124)
Waist-to-forehead C. R. (WFcR)** 1.484 (0.162) 1.519 (0.137)
Hip-to-forehead C. R. (HFcR)** 1.678 (0.11) 1.654 (0.1)
Axillary-to-neck C. R. (ANcR)** 2.618 (0.142) 2.528 (0.142)
Chest-to-neck C. R. (CNcR)** 2.676 (0.173) 2.465 (0.145)
Rib-to-neck C. R. (RNcR)** 2.348 (0.177) 2.291 (0.148)
Waist-to-neck C. R. (WNcR)** 2.463 (0.206) 2.278 (0.168)
Hip-to-neck C. R. (HNcR)** 2.792 (0.176) 2.485 (0.157)
Chest-to-axillary C. R. (CAcR)** 1.022 (0.04) 0.975 (0.029)
Rib-to-axillary C. R. (RAcR)** 0.897 (0.053) 0.907 (0.051)
Waist-to-axillary C. R. (WAcR)** 0.941 (0.064) 0.902 (0.058)
Hip-to-axillary C. R. (HAcR)** 1.067 (0.054) 0.984 (0.05)
Rib-to-chest C. R. (RCcR)** 0.878 (0.047) 0.93 (0.043)
Waist-to-chest C. R. (WCcR)* 0.921 (0.058) 0.925 (0.051)
Hip-to-chest C. R. (HCcR)** 1.045 (0.061) 1.009 (0.052)
Waist-to-rib C. R. (WRcR)** 1.05 (0.061) 0.995 (0.049)
Hip-to-rib C. R. (HRcR)** 1.193 (0.09) 1.087 (0.07)
Hip-to-waist C. R. (HWcR)** 1.138 (0.087) 1.094 (0.07)
Waist-to-height R.(WHtR)** 0.523 (0.063) 0.514 (0.05)
Hyper.: Hypertriglyceridemia, C.: circumference, R.: ratio.
n Signiﬁcant difference between men and women, p¼o0.05.
nn Signiﬁcant difference between men and women, p¼o0.0001.
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deﬁned as a fasting TG level of 42.26 mmol/l (4200 mg/dl)
according to the recommendation of the National Cholesterol
Education Program (NCEP) and previous studies [7,47–55]. There-
fore, we followed the deﬁnition of a fasting TG level4200 mg/dl
and/or physician-diagnosed hypertriglyceridemia. Furthermore, if
subjects who were diagnosed with hypertriglyceridemia comple-
tely recovered, they were considered normal subjects.
2.2. Statistical analysis, machine learning, and evaluation criteria
All statistical analyses were performed with SPSS version 19 for
Windows (SPSS Inc., Chicago, IL, USA) using binary logistic regression
and the Waikato Environment for Knowledge Analysis data mining
tool (WEKA) [56]. Concretely, a statistical evaluation of the signiﬁcant
differences between the normal subjects and subjects with hyper-
triglyceridemia was conducted using binary logistic regression. To
identify the best predictor of hypertriglyceridemia among the various
measures, we used two machine learning algorithms, logistic regres-
sion and the Naïve Bayes algorithm. Both Naïve Bayes and logistic
regression are widely used to solve classiﬁcation problems; however,
their methods to estimate the classiﬁer are different. For a brief
explanation [57,58], let n denote the number of cases and p represent
the number of features. Then, y is an n 1 random vector that
denotes the binary class label, and a feature matrix can be repre-
sented as X¼ x1;…; xp
 
, where xi is an n 1 random vector that
corresponds to the feature i. In Naïve Bayes, a classiﬁer estimates
pðyjXÞ based on joint probability p X; yð Þ ¼ pðyÞpðXjyÞ from training
data, and the weights for each feature are ﬁtted independently,
which is the so-called ‘generative model’. In contrast, logistic regres-
sion directly estimates pðyjXÞ by minimizing error functions, taking
into account the whole covariance among input features, which is
the so-called ‘discriminative model’ [57,58].
Furthermore, to identify the optimal combination of measures
and to reduce model complexity, we used two variable-selection
techniques: the ﬁlter approach, which used correlation-based
feature subset selection (CFS) [59,60], and the wrapper approach
[61,62]. In general, ﬁlter approaches select subsets of measures
during a preprocessing step independent of prediction algorithms,
and wrapper approaches employ a classiﬁer to evaluate subsets of
measures according to their prediction performance [62]. CFS was
designed on the basis of the hypothesis that nice variable subsets
consist of variables that are strongly correlated with the response
variable (class) and are not correlated among independent vari-
ables (features) [59,60]. The CFS kernel was presented by the
following equation, obtained from a previous study [59], which






In the equation [59], Merits is the heuristic merit of a variable
subset S that consists of k variables, and rcf is the mean correlation
between the response and independent variables. Additionally, rf f
is the mean inter-correlation between independent and depen-
dent variables. Therefore, variables with a high correlation with
the response variable and a low correlation with other indepen-
dent variables are ranked as important variables. We can obtain
the merit score of the best variable subsets during the search and
identify the ﬁnal variable subsets. In the wrapper approach
[61,62], the variable subset selection is conducted using the
induction algorithm (referred to as the black box) and performs
a search using the induction algorithm itself as an evaluation
function for the superior variable subset. A search in the wrapper
approach consists of a search engine, such as a greedy search or a
best-ﬁrst search, a state space, a termination condition, and an
initial state, such as the empty set of variables or full variable set.
Each state in the search space organization indicates a variable
subset. If there are n variables, there are n bits in each state. Each
bit indicates that the variable is present or absent, and operators
play the role of adding or eliminating a single variable from a state.
Termination conditions may differ according to induction algo-
rithms. We can determine the state with the highest accuracy
using a heuristic function through the search process.
In the statistical analysis step, the data were standardized with a
mean of zero and a standard deviation of one; in the prediction
experiments, we applied the supervised discretization technique
proposed by Fayyad and Irani [63]. In the ﬁlter approach, after
performing variable selection using CFS, prediction experiments
were performed using logistic regression and the Naïve Bayes
algorithm. In the wrapper approach, after performing variable
selections using Naïve Bayes and logistic regression with a greedy
step-wise (backward) search method, prediction experiments were
performed using two machine learning algorithms. A schematic
diagram on the workﬂow of this study is shown in Fig. 1.
The area under the receiver operating characteristic curve (AUC
or AROC) is a major criterion for comparison of the predictive
powers of individual measures. The AUCs were derived from
models that combined many measures to evaluate whether a
clinically meaningful improvement in the discrimination of hyper-
triglyceridemia could be achieved by combining anthropometric
measures. For a detailed analysis of the predictive power, we also
included the additional criteria of sensitivity, 1-speciﬁcity, precision,
and the F-measure in our analysis. The F-measure is deﬁned as a
harmonic mean between precision and recall, and it used important
criterion for prediction or classiﬁcation results; the maximization of
both recall and precision values should be considered for a good
prediction model and as a major issue of prediction algorithms [64].
A formal deﬁnition of the F-measure is provided as follows [64]:
F measure¼ 2 recall precision
recall precision
¼ 2 true positive
2 true positive false positive false negative :
3. Results
3.1. Comparison of the predictive powers of individual measures in
all age groups
In this study, the numbers of normal and hypertriglyceridemia
subjects were 3022 and 653 in females, respectively, and 1306 and
536 in males, respectively. In anthropometric measures, 33 vari-
ables were used to predict hypertriglyceridemia, and many vari-
ables were signiﬁcantly different between men and women and
Fig. 1. A schematic diagram of the study workﬂow.
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between normal TGs and hypertriglyceridemia in both men and
women (p¼o0.0001).
Many anthropometric measures used in this study were corre-
lated with each other. Fig. 2 shows the correlations among anthro-
pometric measures in both men and women aged 20–90 years
using a heat map. For example, the NC, AC, CC, RC, WC, PC, and HC
measures exhibited highly positive correlations with weight and
BMI in both men and women. The HWcR and WHtR exhibited
highly negative correlations with NC, AC, CC, RC, and WC inwomen.
In women, age was the variable that exhibited the highest AUC
among all measures, which is most likely because of the effects of aging
on body shape in women. Among only anthropometric measures with
the exception of the age variable, the WHtR was the best predictor of
hypertriglyceridemia in females (OR¼2.16, p¼o0.0001, AUC¼0.725).
Additionally, the RC (OR¼2.07, p¼o0.0001, AUC¼0.72) and rib-to-
forehead circumference ratio (RFcR) (OR¼2.06, p¼o0.0001,
AUC¼0.72) exhibited strong predictive powers for hypertriglyceridemia
in women. In men, the RFcR was the best indicator of hypertriglycer-
idemia (OR¼2.22, p¼o0.0001, AUC¼0.702). The predictive power of
age in men was lower compared with women. In a comparison of all
measures across the male and female groups, the predictive powers of
most measures in women were slightly higher than in men, with the
exception of NC, NFcR, HNcR, RCcR, and WCcR. The detailed analysis of
the results regarding the predictive power of individual measures is
shown in Table 2 for women and Table 3 for men.
3.2. Analysis of the predictive power using a combination
of anthropometric measures
In the experiments that used a combination of measures
selected by variable-selection techniques, the AUC values ranged
from 0.77 to 0.79 in women and 0.73 to 0.74 in men. Compared
with the best individual predictor, the AUCs of the models that
used a combination of measures exhibited slight improvements of
0.065 in women and 0.038 in men. The results of the 4 methods
for combining measures are depicted in Fig. 3. For example, the
Naïve Bayes wrapper method (Naïve Bayes with wrapper-based
variable selection) in women included age, height, PC, HACR, RCCR,
HCCR, WRCR, and WHtR. Additionally, the AUC of the model was
0.79 and demonstrated that the sensitivities for normal and
hypertriglyceridemia were 0.84 and 0.54, respectively.
In a comparison of the two machine learning algorithms, logistic
regression and Naïve Bayes were somewhat different regarding the
detailed performance of sensitivity and 1-speciﬁcity. The logistic
regression models tended to be somewhat biased towards relatively
large sample sizes (e.g., the normal class) compared with relatively
small sample sizes (e.g., the hypertriglyceridemia class) in both the
male and female groups because of the very low prevalence of
hypertriglyceridemia in the subjects. For example, the sensitivity
values of the logistic regression model with the wrapper in women
were 0.96 in normal and 0.16 in hypertriglyceridemia patients,
whereas the 1-speciﬁcity values were 0.84 in normal and 0.05 in
hypertriglyceridemia patients. This ﬁnding resulted from the fact
that many machine-learning algorithms are normally formulated
on the premise that the numbers of case and control samples are
equal [65]; therefore, the algorithms ﬁnd it difﬁcult to solve a
problem with an unbalanced sample size [64]. In these experi-
ments, the Naïve Bayes models tended to be less biased than the
logistic regression models. The detailed results of the performance
of the two machine learning algorithms using CFS and the wrapper
are described in Table 4.
From the perspective of a reasonable balance between sensi-
tivity and 1-speciﬁcity, our results suggest that prediction models
that use Naïve Bayes with variable subset selection techniques are
better than logistic regression models in both women and men. In
women, Naïve Bayes with the wrapper are superior to other
prediction methods; in men, Naïve Bayes models with CFS and
the wrapper are superior to other methods, which exhibit similar
AUCs but different sensitivities and 1-speciﬁcities.
The numbers of measures selected by the CFS approach in the
female and male groups were similar; however, in the wrapper
approach, only a few measures were selected in the female group
compared with many measures selected for males. This phenom-
enon is because of the exertion for maximization of the diagnosis
accuracy (AUC) in the process of selection and in the adoption of
measures by the machine learning algorithm and search method
(deemed the black box). In Table 5, some variables were com-
monly selected in all variable selection methods. In women, the
Fig. 2. A heat map of the correlation coefﬁcient matrix for all variables in all age groups. The color scale on the right side shows the strength of the correlation using white
(no correlation), blue (strong positive correlation), and brown (strong negative correlation). (For interpretation of the references to color in this ﬁgure legend, the reader is
referred to the web version of this article.)
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best predictor (WHtR) of hypertriglyceridemia among the anthro-
pometric measures and the best predictor (age) among all vari-
ables were commonly identiﬁed in 3 variable selection methods.
Additionally, RCCR and HCCR were commonly identiﬁed in 3 vari-
able selection methods. In men, the BMI, RC, RACR, RCCR, and
HRCR were commonly identiﬁed in 3 variable methods. The best
indicator (RFCR) of hypertriglyceridemia was commonly identiﬁed
in CFS and logistic regression with wrapper methods. Only RCCR
was commonly identiﬁed in all variable selection methods in both
men and women. However, a prediction using selected variables
from variable section methods is not optimal because we did not
consider the best predictor regardless of gender, and experiments
that use all combinations of all variables were not performed
because they are not realistic because of the large number of
combinations. Detailed descriptions of the measures selected by
the various selection techniques are described in Table 5.
3.3. Comparison of predictive powers according to young, middle-
aged and older groups
Table 6 lists the comparisons of the predictive powers accord-
ing to the subgroups of 20–50 years old and 51–90 years old. In
men, the predictors with the highest AUC value for hypertriglycer-
idemia were RFcR (AUC¼0.753) in the 20–50-year-old group and
BMI (AUC¼0.618) in the 51–90-year-old group. The indicators
with the highest AUC value in women were RC (0.746) in the 20–
50-year-old group and WHtR (AUC¼0.598) in the 51–90-year-old
group. However, several measures had a similar predictive power
compared with the indicator with the highest AUC value in each
group. For example, RC (0.747) and RFcR (0.753) in the 20–50-
year-old men and BMI (0.618) and WHtR (0.617) in the 51–90-
year-old men exhibited very little difference in predictive power.
Additionally, many anthropometric measures tended to have a
higher predictive power in the 20–50-year-old group compared
with the 51–90-year-old group.
4. Discussion
4.1. Comparison with previous studies
In the present study, we demonstrated that among anthropo-
metric measures, with the exception of age, the variable that is the
best anthropometric indicator of hypertriglyceridemia is WHtR in
Korean women and RFcR in men; furthermore, age is the highest
risk factor in women but not in men. Diagnostic models that use a
combination of several measures have a better predictive power
compared with individual measures in both women and men.
Additionally, the best indicator of hypertriglyceridemia may differ
according to age groups.
Table 2
Analysis of the predictive powers of individual measures in women.* (OR: odds ratio, CI: conﬁdence interval, AUC: area under the receiver operating characteristic curve,
analyzed by logistic regression and Naïve Bayes based on 10-fold cross-validation).
Variable Normal Hypertriglyceridemia OR (95% CI) p AUC
Subject (n) 3022 653
TGs 93.84 (39.48) 194.7 (108)§§
Age 44.99 (13.33) 55.6 (10.6)§§ 2.32 (2.11–2.56) o0.0001 0.74
Height 158.4 (5.603) 156 (5.647)§§ 0.65 (0.6–0.71) o0.0001 0.612
Weight 56.88 (8.158) 60.17 (8.561)§§ 1.45 (1.34–1.57) o0.0001 0.618
BMI 22.69 (3.126) 24.71 (3.132)§§ 1.82 (1.68–1.99) o0.0001 0.687
FC 55.51 (1.779) 55.66 (1.972) 1.08 (0.99–1.18) 0.0728 0.515
NC 33.21 (2.273) 34.52 (2.25)§§ 1.73 (1.59–1.89) o0.0001 0.666
AC 86.75 (6.19) 90.71 (6.1)§§ 1.86 (1.7–2.03) o0.0001 0.679
CC 88.46 (7.602) 94.05 (7.598)§§ 2.03 (1.86–2.22) o0.0001 0.703
RC 77.45 (8.094) 83.66 (7.752)§§ 2.07 (1.89–2.26) o0.0001 0.72
WC 81.3 (9.071) 87.6 (8.366)§§ 1.98 (1.81–2.16) o0.0001 0.701
PC 88.63 (7.388) 93.32 (7.352)§§ 1.85 (1.69–2.02) o0.0001 0.676
HC 92.74 (6.286) 95.23 (6.392)§§ 1.46 (1.34–1.59) o0.0001 0.611
NFcR 0.598 (0.039) 0.621 (0.038)§§ 1.74 (1.59–1.89) o0.0001 0.67
AFcR 1.563 (0.106) 1.63 (0.103)§§ 1.86 (1.7–2.03) o0.0001 0.68
CFcR 1.594 (0.132) 1.69 (0.131)§§ 2.03 (1.85–2.22) o0.0001 0.703
RFcR 1.395 (0.142) 1.504 (0.135)§§ 2.06 (1.89–2.25) o0.0001 0.72
WFcR 1.465 (0.159) 1.575 (0.146)§§ 1.96 (1.8–2.15) o0.0001 0.703
HFcR 1.671 (0.109) 1.712 (0.106)§§ 1.43 (1.32–1.56) o0.0001 0.61
ANcR 2.616 (0.142) 2.631 (0.141)§ 1.11 (1.02–1.21) 0.0125 0.53
CNcR 2.666 (0.171) 2.727 (0.171)§§ 1.43 (1.31–1.56) o0.0001 0.6
RNcR 2.332 (0.176) 2.424 (0.166)§§ 1.66 (1.52–1.81) o0.0001 0.658
WNcR 2.447 (0.207) 2.538 (0.186)§§ 1.55 (1.42–1.68) o0.0001 0.636
HNcR 2.798 (0.177) 2.763 (0.171)§§ 0.82 (0.75–0.89) o0.0001 0.554
CAcR 1.019 (0.039) 1.037 (0.041)§§ 1.57 (1.43–1.72) o0.0001 0.624
RAcR 0.892 (0.053) 0.922 (0.05)§§ 1.72 (1.58–1.87) o0.0001 0.671
WAcR 0.936 (0.064) 0.965 (0.06)§§ 1.57 (1.44–1.71) o0.0001 0.635
HAcR 1.071 (0.054) 1.051 (0.048)§§ 0.69 (0.63–0.75) o0.0001 0.609
RCcR 0.875 (0.048) 0.89 (0.042)§§ 1.34 (1.23–1.45) o0.0001 0.597
WCcR 0.919 (0.059) 0.932 (0.054)§§ 1.25 (1.15–1.36) o0.0001 0.569
HCcR 1.052 (0.06) 1.015 (0.054)§§ 0.52 (0.48–0.58) o0.0001 0.677
WRcR 1.051 (0.063) 1.048 (0.052) 0.96 (0.88–1.04) 0.316 0.513
HRcR 1.204 (0.09) 1.143 (0.069)§§ 0.46 (0.42–0.51) o0.0001 0.709
HWcR 1.148 (0.087) 1.092 (0.068)§§ 0.47 (0.43–0.52) o0.0001 0.697
WHtR 0.514 (0.061) 0.562 (0.056)§§ 2.16 (1.97–2.36) o0.0001 0.725 a
n In women, the differences in the AUC values between logistic regression and Naïve Bayes for each measure were approximately 70.001–0.01, with the exception of
70.046 for WRcR.
§ Signiﬁcant difference between the normal and hypertriglyceridemia groups in women, p¼o0.05.
§§ Signiﬁcant difference between the normal and hypertriglyceridemia groups in women, p¼o0.0001.
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High TGs have been directly associated with age, sex (especially in
post-menopausal women), diet, lifestyle, and body shape [7,9,23,66]
and have a clear relationship with the incidence of CHD [9,66]. In
women, age was the best predictor of hypertriglyceridemia. These
results are similar to previous studies. A study by Wells et al. [42]
suggested that aging changed body shape, and a study by
Mukuddem-Petersen et al. [23] demonstrated that aging is related
to an increase in abdominal fat distribution, a decrease in height, and
a decrease in muscle mass. Additionally, increases in WHR, WC, and
BMI in both genders tended to increase the levels of TGs and total
cholesterol and decreased the level of HDL cholesterol [28,67]. In a
meta-analysis of 7–10 studies [37], women with predictions of
dyslipidemia were more likely to have higher AUCs than men, and
this result is consistent with the results of the present study. In our
results, age had the strongest predictive power in women but not in
men in all age groups. Our data support previous reports that age is
an important risk factor for hypertriglyceridemia in women.
To date, numerous studies regarding the identiﬁcation of the
best predictor or a good indicator of hypertriglyceridemia have
been conducted in various countries and ethnic groups. Wora-
chartcheewan et al. [68] reported the optimal cutoff values for WC
and BMI for the prediction of metabolic syndrome in the Thai
Table 3
Analysis of the predictive powers of individual measures in men.* (OR: odds ratio, CI: conﬁdence interval, AUC: area under the receiver operating characteristic curve,
analyzed by logistic regression and Naïve Bayes based on 10-fold cross-validation).
Variable Normal Hypertriglyceridemia OR (95% CI) p AUC
Subjects (n) 1306 536
TGs 111.9 (47.9) 234.4 (135.9)‡
Age 45.14 (15) 50.75 (12.04)‡ 1.49 (1.34–1.65) o0.0001 0.616
Height 170.8 (6.192) 169.6 (6.115)† 0.83 (0.75–0.92) 0.0003 0.551
Weight 69.3 (9.884) 73.66 (11.09)‡ 1.52 (1.37–1.68) o0.0001 0.612
BMI 23.73 (2.933) 25.53 (3.052)‡ 1.84 (1.65–2.06) o0.0001 0.667
FC 57.59 (1.877) 57.7 (2.133) 1.06 (0.96–1.17) 0.2624 0.508
NC 37.99 (2.471) 39.48 (2.57)‡ 1.85 (1.66–2.07) o0.0001 0.67
AC 96.02 (6.184) 99.31 (6.477)‡ 1.71 (1.53–1.9) o0.0001 0.64
CC 93.45 (6.759) 97.39 (6.802)‡ 1.8 (1.61–2.01) o0.0001 0.658
RC 86.46 (7.153) 91.64 (6.968)‡ 2.17 (1.92–2.44) o0.0001 0.698
WC 85.96 (8.164) 91.22 (7.686)‡ 1.97 (1.76–2.21) o0.0001 0.68
PC 90.47 (6.786) 94.11 (6.909)‡ 1.72 (1.54–1.92) o0.0001 0.645
HC 94.66 (6.064) 96.83 (6.618)‡ 1.42 (1.28–1.57) o0.0001 0.59
NFcR 0.66 (0.039) 0.684 (0.042)‡ 1.94 (1.72–2.18) o0.0001 0.682
AFcR 1.668 (0.098) 1.722 (0.107)‡ 1.76 (1.57–1.97) o0.0001 0.65
CFcR 1.623 (0.109) 1.689 (0.111)‡ 1.86 (1.66–2.08) o0.0001 0.669
RFcR 1.502 (0.119) 1.589 (0.115)‡ 2.22 (1.96–2.5) o0.0001 0.702a
WFcR 1.493 (0.133) 1.581 (0.126)‡ 2.03 (1.8–2.27) o0.0001 0.687
HFcR 1.644 (0.094) 1.679 (0.108)‡ 1.43 (1.28–1.58) o0.0001 0.595
ANcR 2.532 (0.144) 2.519 (0.138) 0.91 (0.83–1.01) 0.085 0.525
CNcR 2.463 (0.147) 2.47 (0.142) 1.05 (0.95–1.16) 0.34 0.515
RNcR 2.278 (0.146) 2.324 (0.149)‡ 1.37 (1.23–1.52) o0.0001 0.589
WNcR 2.264 (0.17) 2.313 (0.156)‡ 1.34 (1.21–1.48) o0.0001 0.592
HNcR 2.497 (0.155) 2.457 (0.159)‡ 0.77 (0.69–0.86) o0.0001 0.575
CAcR 0.973 (0.029) 0.981 (0.029)‡ 1.3 (1.18–1.45) o0.0001 0.579
RAcR 0.901 (0.052) 0.923 (0.045)‡ 1.62 (1.45–1.82) o0.0001 0.633
WAcR 0.895 (0.06) 0.919 (0.051)‡ 1.53 (1.37–1.71) o0.0001 0.625
HAcR 0.987 (0.051) 0.976 (0.047)‡ 0.79 (0.71–0.88) o0.0001 0.566
RCcR 0.925 (0.043) 0.941 (0.039)‡ 1.5 (1.34–1.67) o0.0001 0.61
WCcR 0.92 (0.053) 0.937 (0.046)‡ 1.41 (1.27–1.56) o0.0001 0.604
HCcR 1.015 (0.053) 0.996 (0.048)‡ 0.68 (0.61–0.75) o0.0001 0.61
WRcR 0.994 (0.05) 0.996 (0.045) 1.03 (0.93–1.14) 0.5795 0.502
HRcR 1.099 (0.072) 1.059 (0.058)‡ 0.52 (0.46–0.59) o0.0001 0.662
HWcR 1.106 (0.071) 1.064 (0.055)‡ 0.5 (0.44–0.56) o0.0001 0.675
WHtR 0.504 (0.05) 0.538 (0.043)‡ 2.11 (1.88–2.38) o0.0001 0.699
n In men, the majority of the AUC values in the experiments using logistic regression and Naïve Bayes were the same or similar, with the exception of 70.019 for ANcR
and 70.031 for WRcR.
† Signiﬁcant difference between the normal and hypertriglyceridemia groups in men, p¼o0.01.
‡ Signiﬁcant difference between the normal and hypertriglyceridemia groups in men, p¼o0.0001.
Fig. 3. Comparison of the results for the prediction of hypertriglyceridemia using a
combination of anthropometric measures in women and men (AUC, based on 10-
fold cross-validation; Logistic regression: CFS, the results using logistic regression
with CFS; Naïve Bayes: CFS, the results using Naïve Bayes with CFS; Logistic
regression: wrapper, the results using logistic regression with wrapper; Naïve
Bayes: wrapper, the results using Naïve Bayes with wrapper).
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population. Table 7 lists the previous studies regarding the
association of hypertriglyceridemia with anthropometric measures
according to country and ethnic group. For example, in Switzer-
land [26], in a comparison of the predictive powers of WHR, BMI,
sum of four skinfolds, percent body fat, alcohol consumption, and
other variables, WHR was the single best predictor of TG level in
both genders. In Iranian men and women, hypertriglyceridemia is
a common lipid disorder [69]; however, the predictive powers of
BMI, WC, WHR, and WHtR for the prediction of dyslipidemia were
similar in both women and men [40]. In another study, WHR was
the best predictor for hypertriglyceridemia in 18–34-year olds, 35–
54-year olds, and 55–74-year olds [33]. In the Korean population,
the prevalence of hypertriglyceridemia has increased with abdom-
inal obesity over the previous 10 years [25,70,71]. Studies by Lee
et al. [25] and Lee [29] proposed that WC was better for the
prediction of hypertriglyceridemia compared with BMI in a com-
parison of the two measures. Regarding the comparison of WC and
BMI, the results of the present study are consistent with previous
studies by Lee et al. [25] and Lee [29]. The predictive power of WC
(OR¼1.98, p¼o0.0001, AUC¼0.701 in women; OR¼1.97,
p¼o0.0001, AUC¼0.68 in men) was slightly better than BMI
(OR¼1.82, p¼o0.0001, AUC¼0.687 in women; OR¼1.84,
p¼o0.0001, AUC¼0.667 in men) in both genders. However,
previous studies of South Koreans only compared two measures
(WC and BMI), whereas the present study used a greater number
of anthropometric measures, basic measures and the ratios of
combinations of two measures and demonstrated that WHtR in
women and RFcR in men have better predictive powers for
hypertriglyceridemia than WC and BMI.
The ﬁndings of the current and previous studies imply that the
best indicator for a diagnosis of hypertriglyceridemia may differ
according to country and ethnic group. Furthermore, although
experiments that used subjects from the same country and ethnic
group were conducted, the strongest predictor may differ by
gender. Therefore, we should consider these differences and the
characteristics of ethnicity, country, age, gender, place of resi-
dence, food consumption, and socio-economic circumstances in
the study of disease prevalence [28,38–40,69,72,73]. In addition to
our study, Christian et al. [28], Aekplakorn et al. [34], Mirmiran
et al. [40], and Freedman et al. [74] have demonstrated that the
associations between anthropometric measures and risk factors
for certain diseases can differ according to ethnicity, country, age,
or gender.
A controversial issue in the prediction of hypertriglyceridemia
using anthropometric measures is whether a combination of
measures has better predictive power compared with individual
measures [30,31,37,41–43,75,76]. Several studies have suggested
that the use of a combination of two or more measures for the
diagnosis of obesity-related diseases provides more reliable diag-
noses than the use of each measure alone [30,42,43,75,76]; in
other studies, the use of several measures did not improve the
predictive power compared with the use of a single measure
[31,37,41]. For example, Chen et al. [30] recommended that WC,
BMI, and WHR should be simultaneously used to predict diseases
because the relationship between anthropometric measures and
metabolic disorders, including hypertriglyceridemia, varied
according to gender, smoking status, and age. Janssen et al. [75]
proposed that the use of WC in addition to BMI in the diagnosis of
a patient's health risk provides more important information in
clinical practice. However, Lee et al. [37], in a meta-analysis, and
Barzi et al. [41] argued that the combination of BMI with several
other measures, such as WC or WHR, did not improve the
Table 4
Detailed performance results for the prediction of hypertriglyceridemia using a combination of anthropometric measures in women and men (Hyper: hypertriglyceridemia).
Gender Method Class Sensitivity 1-speciﬁcity Precision F-measure
Women Logistic regression: CFS Normal 0.98 0.94 0.83 0.90
Hyper 0.06 0.02 0.44 0.11
Naïve Bayes: CFS Normal 0.70 0.28 0.92 0.80
Hyper 0.72 0.30 0.34 0.46
Logistic regression: wrapper Normal 0.96 0.84 0.84 0.89
Hyper 0.16 0.05 0.44 0.24
Naïve Bayes: wrapper Normal 0.84 0.46 0.89 0.86
Hyper 0.54 0.16 0.42 0.47
Men Logistic regression: CFS Normal 0.92 0.77 0.74 0.82
Hyper 0.23 0.08 0.53 0.32
Naïve Bayes: CFS Normal 0.65 0.29 0.85 0.74
Hyper 0.71 0.35 0.46 0.56
Logistic regression: wrapper Normal 0.92 0.74 0.75 0.83
Hyper 0.26 0.08 0.57 0.36
Naïve Bayes: wrapper Normal 0.67 0.30 0.84 0.74
Hyper 0.70 0.34 0.46 0.55
Table 5





CFS Age, Height, BMI, PC, NFCR, CFCR, RFCR, WFCR, CACR,
RACR, RCCR, HCCR, HRCR, HWCR, WHtR








Age, Height, PC, HACR, RCCR, HCCR, WRCR, WHtR Age, Weight, BMI, NC, CC, RC, PC, HC, NFCR, AFCR, CFCR, WFCR, HFCR, RNCR, WNCR, HNCR,
CACR, RACR, WACR, HACR, RCCR, WCCR, HCCR, HRCR, HWCR, WHtR
The bold character indicates the best predictor in both men and women.
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predictive power compared with the use of a single measure alone
for the identiﬁcation of high TG status or dyslipidemia. The results
in Tables 2 and 3 and Fig. 3 indicate that models that use a
combination of measures provide better predictive power com-
pared with models that use individual measures in both women
and men. However, we must consider that the experimental
conditions of our study were somewhat different compared with
previous studies. In most previous studies, only a few anthropo-
metric measures were used in combination for the analysis of
predictive power, and the selection and adoption of measures
were performed using a straightforward combination method. In
our study, we used 33 anthropometric measures that were reliably
measured in the body and applied 2 variable subset selection
techniques, ﬁlter and wrapper, for better predictive power.
4.2. Medical applications
The ﬁndings and proposed prediction method described in this
study have two applications: as a preliminary health-screening
tool for hypertriglyceridemia and in the integration of telemedi-
cine or remote healthcare with existing medical systems. First, our
ﬁndings can be used as a quick and easy health-screening tool to
identify hypertriglyceridemia. If patients are diagnosed with
hypertriglyceridemia using our diagnostic model, we recommend
that they be accurately diagnosed using blood tests in hospitals.
Second, with the recent development of telecommunications and
the internet, along with advances in medical science and engi-
neering, additional information regarding the prognosis and
diagnosis of several chronic diseases, such as diabetes mellitus
and cardiovascular disorders, has been supported by artiﬁcial
intelligence, decision support systems, and data mining [77–81]
in hospitals using telemedicine and in remote healthcare settings
[82–91]. It is straightforward to measure the body using non-
elastic ﬂexible tape to obtain anthropometric measures of indivi-
duals. It is possible to input anthropometric information into our
prediction model on site or remotely to immediately obtain the
results of a preliminary screening. Therefore, our method can be
applied to existing medical systems, telemedicine or remote
healthcare. However, we should note that the measurements in
body shape using a non-elastic ﬂexible tape are not easy because
the anthropometric measures must be measured accurately in an
exact method in speciﬁc sites. Thus, a healthcare expert or well-
trained observer is required for exact measurements.
4.3. Limitations and future work
Our study cannot establish causality because our data were
obtained using a cross-sectional design, which makes it difﬁcult to
prove a cause–effect relationship. Additionally, when variable
selection techniques with wrapper approaches in machine learn-
ing were used in the male group, the number of selected measures
was compared to the female group. We may need to improve the
AUCs for better diagnosis of hypertriglyceridemia and reduce the
number of measures. In the future, we will attempt to establish the
cause–effect relationships between hypertriglyceridemia and
anthropometric measures and to identify a new indicator or a
combination of measures for accurate disease diagnosis. In addi-
tion, the study population included only Korean women and men;
therefore, these ﬁndings cannot be applied to other populations
because of differences in socio-economic status, gender, nation-
ality, and ethnic groups. Many countries or ethnic groups have
different BMIs and body types. Thus, further study is needed to
build and assess a generalizable model across populations. A
future study is necessary to evaluate additional variables, such as
histories of hypertriglyceridemia and other diseases. Furthermore,
additional studies are required to establish a cause and effect
relationship between hypertriglyceridemia and anthropometric
measures based on longitudinal study according to temporal
sequence.
5. Summary
The best predictor of the risk of hypertriglyceridemia derived
from anthropometric measures of body shape remains controver-
sial. The ﬁndings of the present study demonstrate that in all age
groups of Korean adults, the best anthropometric indicators of
hypertriglyceridemia are WHtR in women and RFcR in men, and
age is the highest risk factor in women but not in men. However,
the best predictors may differ according to gender and age sub-
groups. In both women and men, diagnostic models that incor-
porate several measures have superior predictive power compared
with the use of individual measures. These ﬁndings offer the
prospect of a safe, effective, simple, quick, and inexpensive method
of preliminary screening to identify hypertriglyceridemia in Korean
adults.
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Age 0.654 0.552 0.686 0.544
Height 0.466 0.51 0.558 0.511
Weight 0.682 0.587 0.685 0.567
BMI 0.711 0.618 0.722 0.589
FC 0.551 0.528 0.544 0.526
NC 0.729 0.598 0.707 0.584
AC 0.698 0.593 0.724 0.585
CC 0.703 0.597 0.738 0.597
RC 0.747 0.613 0.746 0.596
WC 0.723 0.606 0.711 0.593
PC 0.689 0.573 0.671 0.585
HC 0.643 0.55 0.628 0.564
NFcR 0.739 0.594 0.701 0.574
AFcR 0.706 0.582 0.717 0.572
CFcR 0.716 0.586 0.735 0.584
RFcR 0.753 0.601 0.744 0.587
WFcR 0.734 0.597 0.71 0.584
HFcR 0.641 0.537 0.619 0.551
ANcR 0.504 0.501 0.558 0.435
CNcR 0.518 0.438 0.603 0.535
RNcR 0.612 0.527 0.657 0.555
WNcR 0.604 0.546 0.619 0.553
HNcR 0.583 0.535 0.576 0.502
CAcR 0.59 0.504 0.591 0.565
RAcR 0.649 0.561 0.65 0.566
WAcR 0.632 0.565 0.596 0.562
HAcR 0.588 0.527 0.663 0.531
RCcR 0.621 0.558 0.592 0.519
WCcR 0.612 0.564 0.528 0.529
HCcR 0.632 0.547 0.709 0.57
WRcR 0.437 0.517 0.535 0.501
HRcR 0.689 0.586 0.729 0.582
HWcR 0.703 0.598 0.702 0.581
WHtR 0.733 0.617 0.726 0.598
a Results of the AUC in both men and women; the majority of the AUC values in
the experiments using logistic regression and Naïve Bayes were the same or similar,
with the exception of 70.022 for height and 70.089 for WRcR in men aged
20–50 years, 70.042 for FC, 70.048 for HFcR, 70.033 for ANcR, 70.023 for
RNcR, 70.023 for WNcR, 70.024 for RAcR, 70.02 for HAcR, 70.024 for RCcR, and
70.024 for HCcR in men aged 51–90 years, 70.028 for WRcR in women aged 20–
50 years, and 70.024 for age, 70.021 for height, and 70.039 for WRcR in women
aged 51–90 years.
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Table 7
A comparison of the associations of high triglycerides with anthropometric measures according to country and ethnic group in previous studies.
Study Country/ethnic group Gender Findings
Lee et al. [25] and
Lee [29]
South Korea Men and
women
WC better predicted hypertriglyceridemia compared with BMI.
Hypertriglyceridemia was independently associated with WC and BMI.
Marti et al. [26] Switzerland Men and
women
WHR was the single best predictor of triglyceride (TG) level.
Seidell et al. [27] Europe Women The waist-to-thigh circumference ratio exhibited the strongest association with TG levels.
Chen et al. [30] Taiwan Men and
women
WC exhibited good predictive power for the prediction of hypertriglyceridemia.
Sharp et al. [31] Hispanic and Caucasian Men and
women
WC was the best single predictor of TG levels in adolescents.
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